Appropriate modeling of the process of volatility has implications for portfolio selection, the pricing of derivative securities and risk management. Further, a large body of research has suggested that both long memory and structural changes simultaneously characterize the structure of nancial returns volatility. Given this, in this paper, we aim to model conditional volatility of the returns of the Dow Jones Islamic Market World Index (DJIM), interest on which has come to the fore following the need for renovation of the conventional nancial system, in the wake of the recent global nancial crisis. To model the conditional volatility of the DJIM returns, accounting for both long memory and structural changes, we allow the parameters in the con- 
Introduction
The recent global nancial crisis has exerted enormous negative impacts on conventional nancial institutions and markets. Hence, a need has been felt for a renovation of the conventional nancial systems through creating viable alternatives that allow opportunities to reduce investment risks, increase returns, enhance nancial stability, and reassure investors and nancial markets. Given this, following the crisis, one has observed a steady increase in renewed interest in Islamic nance, based on Sharia rules, as a viable nancial system that can be used as an opportunity to diversify away the systematic risk in conventional portfolios. In essence, it is believed that Islamic nance may oer products and instruments that are driven by greater social responsibility, ethical and moral values, and sustainable nance, and hence, can possibly endure nancial crises better than the conventional system.
Against this backdrop, in this paper, we aim to model conditional volatility of the returns of the Dow Jones Islamic Market World Index (DJIM), accounting for both long memory and structural changes in the volatility process. The choice of the DJIM is justied by the fact that it is the most widely used, most comprehensive representative, and has the most adequate time series for the Islamic stock market (Hammoudeh et al., 2013) . Note that, appropriate modeling of volatility is of importance due to several reasons: (i) When volatility is interpreted as uncertainty, it becomes a key input to many investment decisions and portfolio creations. Given that, investors and portfolio managers have certain bearable levels of risk, proper modeling (and forecasting) of the volatility of asset prices over the investment holding Assets in the Islamic industry have grown 500% in the last ve years and reached 1.6 trillion U.S. dollars in 2013 (Hammoudeh et al., 2013) .
period is of paramount importance in assessing investment risk; (ii) Volatility is the most important variable in the pricing of derivative securities. To price an option, one needs to know the volatility of the underlying asset from now until the option expires; (iii) Financial risk management has taken a dominant role since the rst Basle Accord was established in 1996, making proper modeling (and forecasting) of volatility a compulsory risk-management exercise for nancial institutions around the world. Finally, nancial market volatility, as witnessed during the recent Great Recession" for the returns on DJIM (see Figure 1 ), can have a wide repercussion on the economy as a whole, via its eect on public condence. Hence, market estimates of volatility can serve as a measure for the vulnerability of nancial markets and the economy, and help policy makers to design appropriate policies. Evidently, appropriate modeling of the process of volatility has implications for portfolio selection, the pricing of derivative securities and risk management. In light of these two features (long memory and structural A related line of research on long memory and structural changes in the volatility discusses the connection between these phenomena. In fact, the volatility persistence may be due to structural breaks in the volatility process, as rst suggested by Diebold (1986) and Lamoureux and Lastrapes (1990) . This literature concludes that it is very dicult to distinguish between true and spurious long memory processes. However, recent contributions to this literature have attempted to discriminate between long memory and structural 
where y t is the time series, h t is the conditional variance,
smooth transition function dened as
where the transition variable is the standardized time variable t * = t/T
and T is the sample size. 
The transition between regimes happens instantaneously when t * = c 1 and Baillie et al. (1996) since the logistic transition function becomes constant and equal to 1/2. Now, we will see how to test whether the FITVGARCH(p, d, q) specication could be suitable for the data.
Testing parameter constancy
The null hypothesis of parameters constancy can be expressed as equality of the FIGARCH parameters in the two regimes. As in Lin and Teräsvirta (1994), Eitrheim and Teräsvirta (1996) , the alternative hypothesis is that the parameters may change smoothly over time. Thus, the null hypothesis can be stated as H 0 : γ = 0 against alternative hypothesis H 1 : γ > 0. 
Under the null hypothesis, the statistic LM K of parameter constancy test is χ 2 distribution with K(p + q + 1) degrees of freedom. If the null hypothesis of parameter constancy against smoothly changing parameters is rejected, one can conclude that the structure of the conditional variance of the process is changing over time.
Estimation
When the null hypothesis of parameter constancy is rejected, we can estimate the FITVGARCH model using the Quasi Maximum Likelihood (QML) estimation procedure which was adapted by Baillie et al.(1996) 
where θ = (ω 1 , ϕ
′ is the parameter vector of the FITV-GARCH model. 
Misspecication tests
where ν t = (η 3 Empirical results
Data
In this subsection, the FITVGARCH model is estimated for the Global Dow Jones Islamic Market World Index (DJIM). The data spans the period of January 1, 1996 to July 22, 2013, implying a total of 4,579 daily observations.
Note that, the start and end date for the index is governed purely by data availability at the time of writing this paper. The time series for the index is sourced from Bloomberg. The DJIM index measures the global universe of investable equities that have been screened for Sharia compliance. The companies in this index pass the industry and nancial ratio screens. The regional allocation for DJIM is classied as follows: 60.14% for the United States; 24.33% for Europe and South Africa; and 15.53% for Asia (Hammoudeh et al., 2013). In order to get a preliminary idea about the data set, we present, in Figure 1 , the daily index in levels and returns, as well as, "ẑ 1,t andẑ 2,t are the partial derivatives of the conditional variance h t in (6) with respect to θ and π, respectively, where θ = (ω 1 , ϕ Examination of the sample autocorrelation functions for daily returns and for daily squared returns, illustrated in the lower panel of Figure 1 , indicates that daily returns seem to be slightly autocorrelated, especially with positive autocorrelation at lag 1 and with weak negative autocorrelation at lag 2. However, the autocorrelations of the squared returns show strong temporal dependence and exhibit a hyperbolic rate of decay. These features may suggest that long-range dependence of squared returns could be modeled by a fractionally integrated process. Thus, we propose to use the Autoregressive Moving Average (ARMA) and the FITVGARCH to model the mean and the volatility processes respectively. The FITVGARCH model is able to capture both long memory and structural change in the volatility process. To identify the ARMA structure, we use the Bayesian Information Criterion (BIC).
After tting various ARM A(p, q) models to the mean returns, the lowest BIC value is obtained for p = 2 and q = 0.
Testing for parameter constancy
We begin the modelling procedure by testing parameter constancy in the standard FIGARCH (1, d, 1 ) model, applied to the residuals from the AR (2) model, against smoothly changing parameters (FITVGARCH (1, d, 1) model) .
The results are given in Table 1 . The null hypothesis of parameters con-stancy is rejected at 5% level for K = 2, 3. We conclude that there is evidence of change over time in the FIGARCH parameters and thus the FITVGARCH model may be a correct model to use for the data. Note: Standard errors are given in parentheses.
Estimation results
The second stage of the analysis is the estimation of AR(2)-FITVGARCH (1, d, 1) for the DJIM. We use a two step estimation procedure, i.e. estimating an AR(2) model rst, and then taking the residuals to t the FITVGARCH (1, d, 1) model. The estimation of the FITVGARCH (1, d, 1) is based on the quasi maximum likelihood estimation procedure. The results are presented in the rst two columns of Table 2 
